
Note: Within nine months of the publication of the mention of the grant of the European patent in the European Patent
Bulletin, any person may give notice to the European Patent Office of opposition to that patent, in accordance with the
Implementing Regulations. Notice of opposition shall not be deemed to have been filed until the opposition fee has been
paid. (Art. 99(1) European Patent Convention).

Printed by Jouve, 75001 PARIS (FR)

(19)
E

P
1 

98
2 

30
1

B
1

TEPZZ_98 ¥Z_B_T
(11) EP 1 982 301 B1

(12) EUROPEAN PATENT SPECIFICATION

(45) Date of publication and mention 
of the grant of the patent: 
15.08.2018 Bulletin 2018/33

(21) Application number: 07726207.9

(22) Date of filing: 19.01.2007

(51) Int Cl.:
G05B 17/02 (2006.01) G06Q 10/06 (2012.01)

G06Q 50/06 (2012.01) G05B 23/02 (2006.01)

(86) International application number: 
PCT/EP2007/050529

(87) International publication number: 
WO 2007/090723 (16.08.2007 Gazette 2007/33)

(54) METHOD OF CONDITION MONITORING

VERFAHREN ZUR ZUSTANDSÜBERWACHUNG

PROCÉDÉ DE SURVEILLANCE D’ÉTAT

(84) Designated Contracting States: 
AT BE BG CH CY CZ DE DK EE ES FI FR GB GR 
HU IE IS IT LI LT LU LV MC NL PL PT RO SE SI 
SK TR

(30) Priority: 10.02.2006 US 743269 P

(43) Date of publication of application: 
22.10.2008 Bulletin 2008/43

(73) Proprietor: General Electric Technology GmbH
5400 Baden (CH)

(72) Inventors:  
• ABU-EL-ZEET, Ziad, Hassan

Sheffield, S10 4EE (GB)
• PATEL, Vijaykumar, Chhaganlal

Leicester Leicestershire LE3 2PG (GB)

(74) Representative: General Electric Technology 
GmbH
Global Patent Operation - Europe 
Brown Boveri Strasse 7
5400 Baden (CH)

(56) References cited:  
WO-A-01/48571 US-A1- 2003 114 965
US-A1- 2005 119 840  

• NAIRAC A ET AL: "Choosing an appropriate 
model for novelty detection" ARTIFICIAL 
NEURAL NETWORKS, FIFTH INTERNATIONAL 
CONFERENCE ON (CONF. PUBL. NO. 440) 
CAMBRIDGE, UK 7-9 JULY 1997, LONDON, 
UK,IEE, UK, 7 July 1997 (1997-07-07), pages 
117-122, XP006507571 ISBN: 0-85296-690-3

• PERRYMAN R: "Condition monitoring of 
combined heat and power systems" IEE 
COLLOQUIUM ON ’CONDITION MONITORING OF 
ELECTRICAL MACHINES’ (DIGEST N. 1995/019), 
30 January 1995 (1995-01-30), pages 6/1-6/4, 
XP006529282 London, UK

• HAI QUI ET AL: "Feature fusion and degradation 
using self-organizing map" MACHINE LEARNING 
AND APPLICATIONS, 2004. PROCEEDINGS. 2004 
INTERNATIONAL CONFERENCE ON 
LOUISVILLE, KENTUCKY, USA 16-18 
DECEMBER, 2004, PISCATAWAY, NJ, USA,IEEE, 
16 December 2004 (2004-12-16), pages 107-114, 
XP010763583 ISBN: 0-7803-8823-2

• Sanjiv K. Bhatia: "Adaptive K-Means 
Clustering", , 2004, Retrieved from the Internet: 
URL:http://aaaipress.org/Papers/FLAIRS/200 
4/Flairs04-119.pdf [retrieved on 2013-02-27]



EP 1 982 301 B1

2

5

10

15

20

25

30

35

40

45

50

55

Description

Technical Field

[0001] The invention pertains to a method of condition
monitoring of a fleet of plants, machines, or processes.
It pertains in particular to a method of condition monitor-
ing of a fleet of electrical power generation plants as well
as machines and processes associated with such power
plants.

Background Art

[0002] The operation of electrical power plants and as-
sociated machines and processes are frequently moni-
tored in order to determine the condition of its individual
components, values of operational parameters, and the
performance of the plant as a whole. Condition monitor-
ing allows optimization of plant operation and determi-
nation of expected operational lifetime of its components.
It is also intended for early detection of operational pa-
rameters that exceed given normal operational ranges
and alerting of plant engineers of operational problems
or failure developments. As such, it can effectively reduce
potential and costly downtime and increase operation
safety and performance of a power plant or its associated
machines. It also allows reliable indication of necessary
maintenance.
[0003] Various methods of monitoring machines or
plants have been presented in the state of the art. Many
of these are directed to the monitoring of a single machine
or process, such as for example in WO 2004/042531 and
WO 2005/008420. These methods can typically be real-
ized using standard computing tools within a reasonable
time frame, and with reasonable computing power.
[0004] WO 02/086726 discloses a method of monitor-
ing and controlling a single machine or process using a
combination of diagnostics and model-based monitoring
and control. Estimated sensor values are generated by
an empirical model based system and compared to ac-
tual sensor values. Residual values obtained by subtrac-
tion of estimated values from real values are subjected
to a sequential probability ratio test, which allows early
detection of deviations of the residuals from a threshold
value.
[0005] WO 02/057856 discloses a predictive monitor-
ing of a single process or machine based on empirical
model-based surveillance or control. For the monitoring
method, a representative set of sensor data is used that
is consistently adapted and updated by the addition of
newly acquired values, which replace the previous val-
ues.
[0006] US 2004/0243636 discloses a method of mon-
itoring the condition of an entire fleet of power plants. In
this method a common software platform serves to mon-
itor the fleet, where a modeling method is coupled with
an incident logic engine for registering power plant inci-
dents. A specific model is created for each member or

asset of the fleet to be monitored. For this, historic data
from each plant is used to create a model for an operating
condition considered normal. Each specific model is
called up individually to generate a model for that partic-
ular fleet member, which is used to estimate engine op-
eration parameters during real-time operation. The esti-
mated operational parameters are compared to actual
measurements of the same parameters in order to pro-
duce residual signals, which can indicate the condition
of the plant.
[0007] Each individual empirical model is adapted in-
crementally requiring separate model maintenance for
each member in the fleet. The maintenance of the models
involves the analysis of a large amount of data for each
member of the fleet and hence a large effort in terms of
engineers’ time and computing power. NAIRAC A et al:
"Choosing an appropriate model for novelty detection",
fifth international conference on artificial neural networks,
7-9 July 1997, Cambridge, UK, Conf. Publ. N. 440, 7 July
1779, IEE, London, UK, pages 117-122. It discloses for
novelty detection, that a description of normality is learnt
by fitting a model to the set of normal examples and pre-
viously unseen patterns are then tested by comparing
their novelty score against some threshold. Models need
to be assessed not only according to their ability to sep-
arate normal and abnormal examples but also according
to the extent of overfitting relative to the training set.
When the amount of training data is small, the effect of
overfitting can be estimated by using cross-validation to
determine how many previously unseen normal patterns
would be classified correctly. With a larger training data-
base, a principled approach can be adopted which pro-
vides both a measure of the quality of the model and a
means of determining the value of the novelty threshold.

Summary of Invention

[0008] In view of the described background art, it is an
object of the present invention to provide a method of
monitoring the condition of an entire fleet of plants, ma-
chines, or processes, such as electrical power generation
plants and/or their associated machines and industrial
processes, the method allowing the efficient handling,
both in terms of time and engineering effort, of large
amounts of multidimensional data including individual
component and operational parameter data. The method
shall be developed and maintained with reduced effort
compared to the methods of the state of the art. Further-
more, it shall not require prior knowledge of the physical
process performed by the machine or processes. The
method shall in particular ensure optimal monitoring sen-
sitivity comparable to that of known methods.
[0009] According to the present invention, a method of
monitoring a fleet of plants, machines, or processes com-
prises a training or generating model mode followed by
a monitoring or test mode, the method including the
steps:
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- generating and storing a single generic model for all
members of the fleet using a novelty detection Tool
(ND-Tool),

- using input data from each of the individual fleet
members that is individually scaled prior to being en-
tered into the single generic model,

- monitoring the fleet members during operation by
testing measurement data against the model,

- giving a signal or alert of the condition of the fleet
based on a comparison of test data against the ge-
neric model.

[0010] The single generic model for all fleet members
is based on past or historic data of members of the fleet
operating in several normal operation modes.
[0011] A normal operation mode of a plant or machine
is, for example, the operation of an electrical power plant
at a typical load within expected ranges of power output
and efficiency and at typical environmental conditions.
[0012] The single generic model, here also referred to
as a generic network, is generated using data-driven nov-
elty detection (ND). The use of such novelty-detection
allows that no previous knowledge of the physical proc-
ess occurring in the plant or machine is required. The
generic network contains measurements of all pertinent
parameters of all fleet members as well as the interrela-
tionships between said measurements.
[0013] For the generation of such a network, the meth-
od comprises the steps of:

- analyzing and reducing measurement data of pa-
rameters of all members of a fleet of machines,
plants, or processes using novelty detection and a
clustering method. For the analysis of the measure-
ment data, a mean value is subtracted from the in-
dividual measurement data points and the resulting
difference is divided by the standard deviation. This
is referred to herein as scaling, standardizing or nor-
malizing the data. For the reduction of the measure-
ment data, groups of the standardized measurement
data points are taken to form a cluster, where for
each cluster a cluster center is determined and
stored that represents a mean value of that data clus-
ter. Then, for each cluster a cluster threshold is cal-
culated and stored for use by novelty detection dur-
ing monitoring. Preferably, the method uses k-
means clustering. The cluster centers and the cal-
culated thresholds then make up the generated ge-
neric network. Through this clustering and thresh-
olding it is possible that not all the measurement data
must be stored but only the cluster centers and the
thresholds.

[0014] Further the method comprises:

- storing said mean values and standard deviations
for each member of the fleet as scaling factors in a
scaling file for further use of said mean values and

standard deviations for each fleet member for scaling
the input data during monitoring mode,

- monitoring the members of the fleet of plants, ma-
chines, or processes by taking test data during op-
eration of the fleet members, scaling the test data
using the scaling file, and comparing the scaled data
to the stored, generic model,

- establishing a measure of fit between test data and
model using a distance function and determining a
quantization error for each data point,

- based on the quantization error, giving a signal or
alert on the condition of fleet members.

[0015] A plant, machine, or process changes as time
progresses, for example due to degradation of its com-
ponents, properties such as size, shape, thermal and
chemical composition, etc. Hence it is necessary, or at
least preferable, to adapt the generic network by adding
new data points according to new measurements during
operation of the machine or process while maintaining
all previously existing data in the network. Preferably,
clustering of newly added data is first carried out before
appending it to the network.
[0016] The method according to the invention essen-
tially comprises two stages, the generation or training of
a generic network for the entire fleet and the actual mon-
itoring of each fleet member using the generic network.
The method is characterized by time and engineering
efficiency realized by the concept of the generation of
one single generic network for use for the entire fleet.
Additionally, the generation of the generic network in it-
self is performed efficiently in terms of time and engineer-
ing effort due to the use of novelty detection and cluster-
ing. Depending on the type of plant, machine or process-
es that is monitored, the generic network is maintained
in a further stage of the method. The generic network is
adapted or retrained by the addition of further new data
without the deletion of previous data. The mere addition
of data is enabled by the use of novelty detection. The
adaptation of the network is again characterized by time
and engineering efficiency as only one model must be
adapted or maintained.
[0017] The method according to the present invention
uses an empirical data-driven model. The development
of a data-driven empirical model is easier than that of a
physical model, in particular for a multidimensional proc-
ess as found in an electrical power plant. Normally, the
generation of data-driven models for such plants is time
consuming, especially if a model for each member of an
entire fleet of plants must be generated. Therefore, it is
desirable to limit the effort involved. In view of this, the
presently disclosed method is characterized by the use
of a generic network that serves as a model for an entire
fleet of plants, machines, or processes, as opposed to
only for a single member of a fleet. It allows a time efficient
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generation, adaptation, and scaling of the model for the
generation of the generic model and monitoring thereof.
The model is efficiently generated by means of efficient
analysis of historic data enabled by the use of novelty
detection tools. The sensitivity of the generic model is
upheld by scaling of the input data using the mean values
and standard deviations from each individual fleet mem-
ber.
[0018] The use of a generic model or network effects
a significant reduction of the engineering effort. For ex-
ample, the time required to generate models is reduced
from several weeks or months to only a few days for an
entire fleet. The computing effort is also significantly re-
duced by the application of the novelty detection tools
and clustering, which allow that only one data analysis
needs to be performed for the generation of the generic
model. Consequently, the updating and maintenance of
the model is also realized in a shorter time frame. While
an enormous advantage is gained in terms of time and
the amounts of data to be handled, the monitoring sen-
sitivity is maintained at a level comparable to that of meth-
ods of the state of the art due to the use of the mentioned
scaling factors for each individual fleet member.
[0019] The use of novelty detection and clustering
methods enables the efficient data analysis in generating
the model network and further enables the efficient ad-
aptation of the model during monitoring. In particular, it
allows the adaptation of the network by simple addition
of new data to the network. Thus, previous knowledge
and experience gained by the network is never lost. Old
states of a fleet member, which represent valid operation
condition of the fleet member could be encountered again
and are thus of value in the model.
The novelty detection tool is data-driven in that it uses
past or historic data acquired during operation of the ma-
chine or plant during a given typical operation mode. The
generation of the network or model generated from this
data therefore requires no previous knowledge of the
physical process performed by the machine or plant. The
generated network encompasses not only all the ac-
quired data but also all the interrelationships between
the different measured data. For this reason the method
according to this invention is particularly suited for large
dimensional processes as found in an electrical power
plant or a chemical process plant and where physical
models are particularly difficult to obtain.
[0020] The presently disclosed method ensures an op-
timal sensitivity in spite of the use of a generic network.
The sensitivity is upheld due to the use of the individual
scaling of the input data from each fleet member for the
generic network. The sensitivity of the monitoring of a
particular fleet member achieved by this method is close
and comparable to the sensitivity that would be achieved
by a model specifically generated for that particular fleet
member without the use of the generic network.
[0021] The method according to the invention has a
particular advantage for the monitoring of a new fleet
member added to an existing fleet. Normally, for a newly

commissioned plant or machine, at first data would need
to be collected in order to establish a data set to be added
to the model. The method according to the invention how-
ever, enables immediate monitoring using the generic
network and using scaling factors derived from other sim-
ilar plants in the fleet. The derived scaling factors can be
used for scaling the input data and then monitoring the
plant operation. Since derived scaling factors are used
in this case, as opposed to scaling factors specific to the
fleet member, the sensitivity to faults would naturally be
compromised. Such a set-up hence allows the detection
of gross faults in the new plant until specific scaling fac-
tors are obtained for the new plant as operating data is
collected.

Brief Description of the Drawings

[0022]

Figure 1 shows a flow chart of the method for con-
dition monitoring according to the invention in steps
I through V referred throughout the following detailed
description,

figure 2 shows a plot of sum squared errors as used
for the determination of the number of clusters,

figure 3 shows a plot of test data from an electrical
power plant presented during monitoring and ana-
lyzed by the novelty detection method,

figure 4 shows a plot of a sum of quantization errors
as determined by the method according to the inven-
tion,

figure 5 shows a plot of quantization errors for vari-
ables from a power plant in a given operation mode
that is to be included as newly added data to the
network,

figure 6 shows a plot of quantization errors for the
same power plant and operation mode referred to in
figure 5 and after the network has been retrained
with the newly added data,

figure 7a shows a plot of quantization errors resulting
from a monitoring of a plant using a plant specific
network,

figure 7b shows a plot of quantization errors resulting
from a monitoring of same plant using a generic net-
work that has been globally scaled,

figure 7c shows a plot of quantization errors from a
monitoring of same plant using an individually scaled
generic network according to the invention.
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Best Modes for Carrying out the Invention

[0023] An example of the method according to the in-
vention is disclosed herewith in an exemplary application
to the monitoring of a fleet of electrical power plants. The
flow chart in figure 1 shows steps I through V.
The generation of the generic network (step I), which is
herein also referred to as the training of the generic net-
work, is carried out by careful selection of a data set (or
training data set) representing the normal operation of
the monitored electrical power plant (step la). The normal
operation refers, for example, to the operation of the pow-
er plant at a typical load, at typical atmospheric conditions
(e.g. pressure, temperature, humidity), for a typical per-
formance (e.g. power output, efficiency, pollutant levels)
that the power plant was designed for. A selected data
set includes for example data from over 250 variables
monitoring the flow of compressed air from the compres-
sor (pressure, temperature), outside temperature and
pressure, flow of fuel into the combustion systems, tem-
perature values at various turbine stages and compo-
nents, vibration signals from bearings, etc.
[0024] In a preferred method according to the inven-
tion, the data for the generation, or training, of the network
is selected and pre-processed (step la). The pre-process-
ing phase comprises outlier removal and transient data
removal. Outliers can either be removed through manual
inspection of the data or by an automated method using
software designed to detect them. Transients associated
with operating point changes or shifts are removed from
the data sets. This can be performed either manually,
which can be time consuming, or by an automated meth-
od using a software designed for each variable and/or
operating condition.
[0025] Generating or training the network is carried out
using a thus carefully selected data set representing a
normal or typical operation of a power plant to be moni-
tored.
Then, the data is standardized, normalized or scaled
(step lb) in a way that ensures each variable has equal
weight. This is done for example by first subtracting from
the data the sample mean of each variable because the
objective is to capture the variation of the data from the
mean. Secondly, each variable of the mean centered da-
ta is divided by its standard deviation. This scales each
variable to unit variance ensuring that the process vari-
ables with high variances do not dominate. This proce-
dure must be carried out prior to generating or training
the network. The mean values and standard deviations
are stored in a file for further use in scaling of the indi-
vidual input data from the individual fleet members during
monitoring mode.
[0026] Once the data is pre-processed for example by
removal of outlying data points, removal of transient data
(as opposed to steady-state data), and is normalized or
standardized, clustering is applied (step Ic).
[0027] For the clustering, preferably k-means cluster-
ing as known in the state of the art is used (e.g. J. B.

MacQueen (1967): "Some Methods for classification and
Analysis of Multivariate Observations, Proceedings of 5-
th Berkeley Symposium on Mathematical Statistics and
Probability", Berkeley, University of California Press,
1:281-297).
[0028] For the clustering of the training data, the
number of clusters to represent the data must also be
determined. The choice of number of clusters affects how
accurately the network represents the training data and
hence affects the sensitivity of the network and the final
condition monitoring. There is a trade-off between the
number of clusters and the achievable sensitivity and the
amount of computational time required. According to the
present method, the number of clusters is determined by
two different ways.
[0029] The first is known as the Davies-Bouldin (DB)
Cluster Validity Algorithm (described in Davies D.L. and
Bouldin D.W., "A Cluster Separation Measure", IEEE
Trans. Pattern Anal. Machine Intell. 1(4), p. 224-227).
The algorithm maximizes the distances between clusters
while minimizing the distances within a cluster itself. A
DB-index is determined as a function of the ratio of the
sum of the distances within a cluster to the distance be-
tween clusters. The smaller the DB-index, the greater
the quality of the clustering achieved.
[0030] The second way of determining the number of
clusters is a visual method using a plot of the Sum
Squared Error (SSE) vs. the number of clusters used in
the network as shown in figure 2. The extreme case would
be if the number of clusters is chosen to be the same as
the number of data samples, then the SSE would be zero.
An optimal choice of number of clusters would be the
point at the "knee" of the curve indicated by the intersec-
tion with the vertical line near the 50-mark. In order to
obtain this optimal point, the network has to be trained
using an incrementally increasing number of clusters and
calculating the SSE for each. As this is time consuming,
the procedure is speeded up by the use of random sub-
sets of the original data set composed of a small fraction
of the original data. To increase the accuracy of the es-
timation, the analysis is run several times using different
random permutations of the data.
This approach of using random permutations may also
be applied to the obtaining of the DB-index.
[0031] The positions of the cluster centers obtained by
means of the k-means clustering are stored as reference
profiles for the different operating conditions. Each clus-
ter center represents the mean value of all the profiles
attributed to that particular cluster during training of the
network. Then, thresholds for each individual cluster are
calculated and stored for use by the novelty detection
logic in the following test or monitoring mode. The cluster
centers along with the calculated thresholds make up the
network or model.
[0032] The calculation of the threshold (step Id) is per-
formed by two preferred ways. One way is to choose a
minimum/maximum threshold. This means that the
threshold on a cluster center is set by the maximum de-
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viation from the center of any of the samples in that clus-
ter. Another way is to use statistical thresholds, which
means to set the threshold level between 1 and several
standard deviations. The choice between the two ways
may be a weighing of the sensitivity of the resulting con-
dition monitoring method and minimization of potential
false alerts due to the monitoring.
[0033] In order to generate the generic model the his-
toric input data from the individual fleet members is
scaled, and the scaling factors are stored in a scaling file
(step II). This file contains the mean values of the indi-
vidual variables and their standard deviations. Each in-
dividual fleet member will have a set of scaling factors
stored in this file. The stored scaling factors are based
on an amount of data large enough such that it is repre-
sentative of the particular fleet member in a particular
operation mode. The scaling files are also updated during
monitoring mode as the fleet members change with time.
[0034] In monitoring or test mode, previously unseen
data representing new samples collected from a power
plant are tested against the stored network (step III). A
measure of fit against the stored network is established
using the Euclidean Distance (ED) or a similar multivar-
iate distance measure. This is a three-phased process
where the new sample of measurement data is first nor-
malized or standardized using the stored normalization
factors in the scaling file (mean and standard deviations
relevant to each individual fleet member) and then in a
second phase compared against all the cluster centers
stored in the network. The measurement data sample is
allocated to the Best Matching Center (BMC) according
to the ED. Once the BMC is known, in the third phase,
the stored thresholds for the BMC in question are used
to calculate the Quantization Error (QE), which is a meas-
ure of novelty or a measure of how far the measurement
data during monitoring or test is away from the training
data according to the network or model. The QE is a
measure of how far the test sample is outside the thresh-
olds surrounding the BMC. In the case that the QE ex-
ceeds a given threshold value, an alert or warning signal,
or any appropriate control signal is given, for example by
email, to a control engineer or the plant operation control
system (step IV).
In a preferred method, the test data taken during moni-
toring mode is "cleansed" of transient data and outliers,
in the same manner as the training data was selected by
removal of such transients and outliers. As described in
the case of training data, this data can be prepared man-
ually or by use of an automated process using appropri-
ate software.
[0035] The method according to the invention may be
carried using computers with state of the art processors
and current scientific analysis and display software such
as MATLAB®.
[0036] The following shows and elaborates on the con-
dition monitoring method performed on an electric power
plant.
For demonstration purposes, a data set from a power

plant representing data collected over a one-month pe-
riod was used to train a network. Larger data sets would
normally be used for training so that different operating
conditions are included as well as varying atmospheric
conditions. Once the network was trained, a set of test
data collected over the subsequent month was presented
to the network for testing. The results are shown in the
plot in figure 3. The plot relates to a first variable. The
solid black line shows the trend of the actual test data as
a function of time. The broken black lines at the top and
bottom of the plot show the lower and upper range of
data encountered in the training set for the particular var-
iable. The dark gray lines and the light gray lines show
the upper and lower thresholds respectively of the par-
ticular BMC selected as being closest to the current data
sample.
[0037] Examining each individual variable in a plot sim-
ilar to the plot in figure 3 would be quite cumbersome. A
useful plot providing a bird’s eye view of the health con-
dition of the plant is the sum of the QE for all variables
considered, which is shown in figure 4. This immediately
shows a problem developing from the middle of the plot.
The overall QE rises from single figures to between 60
and 80 towards the end of the plot.
The monitoring method allows a closer inspection of the
QE contributions from the individual variables involved.
For example, a control engineer would inspect the top
ten contributing variables and can identify which variable
or several variables generate the largest QE. This allows
the engineer to see whether these variables are within
their expected ranges, and if not attend, to the particular
problem by replacing a particular component or adjusting
an operating parameter in order to solve the problem.
Thanks to the time efficiency of the monitoring method
using novelty detection, the control engineer or plant op-
erator is enabled to detect and correct problems in time
before larger problems or dropping plant performance
develop.
Through the use of novelty detection, the monitoring
process can be made relatively easy for the plant oper-
ator. Instead of having to analyze many variables, it is
possible to focus on a particular problem with little effort.
Large faults caused by one particular variable can some-
times mask other underlying problems of less severity.
It is possible to overcome this problem with the novelty
detection by for example excluding the top contributor
and only showing the next highest contributors and fo-
cusing on the other variables and checking whether they
remain within their expected ranges or a trend in the var-
iable values.
[0038] During operation and monitoring of the power
plant, the generic network is adapted or retrained as time
progresses and individual components may degrade or
operating conditions change (step V). For this, new
measurement data is taken, standardized and scaled by
subtraction of mean values and division by the standard
deviation in the same manner as the initial data was
standardized. The new standardized measurement data
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is then clustered in same manner as the initial data and
finally added to the generic network. In the adaptation of
the network, the network is retrained by simple addition
of new data and without a complete retraining of the entire
network. The addition of data is enabled by the use of
novelty detection, which allows again an efficient adap-
tation of the network.
[0039] The generic network is adapted in the case
when a plant engineer identifies, based for example on
the sum of quantization error QE or the QE of a particular
set of variables, that a particular condition of the plant
needs to be included in the network. The engineer may
select interactively the data relating to the condition of
the plant to be included, as shown by the boxed-in set of
data in figure 5. In the shown example, only the section
of data highlighted by the rectangle is chosen for the ad-
aptation. In the range shown, the QE has values of about
4.
The network is adapted without a retraining of the entire
network and by adding the particular data to the network.
Once new BMCs are added to the network, the QE is
recalculated as shown in figure 6. Compared to the QE
values in figure 5, the QE values in figure 6 have dropped
considerably to values about 1 and 3. This indicates that
the novel condition has been included and "learned" by
the network.
[0040] The method according to the invention ensures
a sensitivity of monitoring comparable to models of the
state of the art, such as for example a model that is spe-
cifically designed for an individual plant (as opposed to
an entire fleet). Figures 7a-c demonstrate a comparison
of the sensitivity of the method according to the invention
and the sensitivity of two other models. Figure 7a shows
the quantization error as a function of time calculated for
a given power plant, i.e. the measure of novelty or of how
far the test data deviates from the training data of a model.
The plot results from a model that was specifically gen-
erated for that particular plant alone. The sensitivity
achieved there may be considered the maximum achiev-
able sensitivity. The quantization errors reach values up
to 100 in one region and up to 20 in a second region of
the plot.
Figure 7b shows the quantization error calculated for the
same plant over the same time period considered for
figure 7a. It results from a comparison of test data against
a generic fleet-wide model and scaled using a global scal-
ing factor.
[0041] The magnitude of the quantization errors
reached in this case is much lower than those in figure
7a (less than 3 in both regions), indicating a much lower
sensitivity. Figure 7c finally shows the quantization errors
calculated for the same plant in same time period using
a generic network and individual scaling factors accord-
ing to the invention. The magnitude of quantization errors
again reach values around 100 and 20 in two different
regions of the plot indicating a sensitivity comparable to
that illustrated in figure 7a.

Claims

1. Method of monitoring the condition of a fleet of plants,
machines, or processes comprising the steps of

- generating and storing a single generic model
for all members of the fleet using selected his-
toric data from the fleet taken during normal op-
eration and using novelty detection,
- scaling the selected historic data from the in-
dividual fleet members by using scaling factors
derived from the historic data prior to including
them in the single generic model, wherein scal-
ing the input historic data includes

subtracting from each data point a mean
value and dividing by the standard devia-
tion,
forming clusters of the scaled data,
determining a cluster center for each clus-
ter, and
calculating a cluster threshold for each clus-
ter,
wherein the cluster centers along with the
calculated thresholds make up the model,

- monitoring the fleet members during operation
by taking test data, scaling the test data using
said scaling factors, and comparing the scaled
data to the generic model,
- adapting the generic model during operation
and monitoring by taking new data, standardiz-
ing the new data by subtracting from each data
point a mean value and dividing by a standard
deviation, and adding the new standardized da-
ta to the generic model while maintaining all pre-
vious data, and further adapting the scaling fac-
tor in the scaling file according to the new mean
values and standard deviations of the new data,
- giving a signal on the condition of the fleet
members based on the comparison of the test
data to the generic model.

2. Method according to claim 1,
characterized by
the use of k-means clustering.

3. Method according to claim 1,
characterized by
storing mean values and standard deviations as
scaling factors for each individual fleet member in a
scaling file for further use for scaling of test data dur-
ing monitoring.

4. Method according to claim 1,
characterized by
comparing the measured and scaled data to the ge-
neric model during monitoring by establishing a
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measure of fit using a distance function and deter-
mining a quantization error for each measurement
data point.

5. Method according to claim 4,
characterized by
using an Euclidian distance function.

6. Method according to claim 4,
characterized by
giving a signal or alert on the condition of a fleet
member based on the quantization error.

7. Method according to claim 1,
characterized by
pre-processing the data taken from the fleet member
for generating the model and/or for monitoring the
fleet by removing from the historic data transient data
and outliers.

8. Method according to claim 1,
characterized by
determining the number of clusters to be formed of
the selected historic data using a Davies-Bouldin
cluster validity algorithm or a visual method that an-
alyzes a plot of sum squared error vs. number of
clusters.

Patentansprüche

1. Verfahren zum Überwachen des Zustands einer
Flotte von Anlagen, Maschinen oder Prozessen, wo-
bei die Verfahrensschritte umfassen das

- Erzeugen und Speichern eines einzelnen ge-
nerischen Modells für alle Mitglieder der Flotte
unter Verwendung ausgewählter historischer
Daten von der Flotte, die während des normalen
Betriebs erfasst werden, und unter Verwendung
von Neuheitserkennung,
- Skalieren der ausgewählten historischen Da-
ten von den einzelnen Flottenmitgliedern unter
Verwendung von Skalierungsfaktoren, die aus
den historischen Daten abgeleitet werden, be-
vor sie in das einzelne generische Modell ein-
gebunden werden, wobei das Skalieren der his-
torischen Daten umfasst:

Subtrahieren von jedem Datenpunkt eines
Mittelwertes und Teilen durch die Standard-
abweichung,
Ausbilden von Clustern der skalierten Da-
ten,
Bestimmen einer Clustermitte für jedes
Cluster, und
Berechnen eines Clusterschwellenwertes
für jedes Cluster,

wobei die Clustermitten zusammen mit den
berechneten Schwellenwerten das Modell
ergänzen,

- Überwachen der Flottenmitglieder während
des Betriebs durch Erfassen von Testdaten,
Skalieren der Testdaten unter Verwendung der
Skalierungsfaktoren, und Vergleichen der ska-
lierten Daten mit dem generischen Modell,
- Anpassen des generischen Modells während
des Betriebs und des Überwachens durch Er-
fassen neuer Daten,
- Standardisieren der neuen Daten durch Sub-
trahieren von jedem Datenpunkt eines Mittel-
wertes und Teilen durch eine Standardabwei-
chung, und Hinzufügen der neuen standardi-
sierten Daten zu dem generischen Modell, wäh-
rend alle vorherigen Daten beibehalten werden,
und ferner das Anpassen des Skalierungsfak-
tors in der Skalierungsdatei gemäß den neuen
Mittelwerten und Standardabweichungen der
neuen Daten,
- Ausgeben eines Signals über den Zustand der
Flottenmitglieder auf der Grundlage des Ver-
gleichs der Testdaten mit dem generischen Mo-
dell.

2. Verfahren nach Anspruch 1,
gekennzeichnet durch
die Verwendung des k-Means Algorithmus.

3. Verfahren nach Anspruch 1,
gekennzeichnet durch
Speichern von Mittelwerten und Standardabwei-
chungen als Skalierungsfaktoren für jedes einzelne
Flottenmitglied in einer Skalierungsdatei zur weite-
ren Verwendung zum Skalieren von Testdaten wäh-
rend der Überwachung.

4. Verfahren nach Anspruch 1,
gekennzeichnet durch
Vergleichen der gemessenen und skalierten Daten
mit dem generischen Modell während des Überwa-
chens durch Anwenden von Anpassungsmethoden
unter Verwendung einer Entfernungsfunktion, und
Bestimmen eines Quantisierungsfehlers für jeden
Messungsdatenpunkt.

5. Verfahren nach Anspruch 4,
gekennzeichnet durch
Verwenden einer Euklidischen Entfernungsfunktion.

6. Verfahren nach Anspruch 4,
gekennzeichnet durch
Ausgeben eines Signals oder Alarms über den Zu-
stand eines Flottenmitgliedes auf der Grundlage des
Quantisierungsfehlers.
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7. Verfahren nach Anspruch 1,
gekennzeichnet durch
Vorverarbeiten der Daten, die von dem Flottenmit-
glied zum Erzeugen des Modells und/oder zum
Überwachen der Flotte durch Entfernen aus den his-
torischen Daten von Übergangsdaten und Ausrei-
ßern genommen werden.

8. Verfahren nach Anspruch 1,
gekennzeichnet durch
Bestimmen der Anzahl an Clustern, die aus den aus-
gewählten historischen Daten unter Verwendung ei-
nes Davies-Bouldin-Cluster-Validitätsalgorithmus
oder eines visuellen Verfahrens gebildet werden sol-
len, mit dem eine Summenkurve quadratischer Feh-
ler in Abhängigkeit von der Anzahl an Clustern ana-
lysiert wird.

Revendications

1. Procédé de surveillance de l’état d’un ensemble
d’usines, de machines ou de processus comprenant
les étapes consistant à

- générer et stocker un modèle générique unique
pour tous les éléments de l’ensemble à l’aide de
données d’historique sélectionnées provenant
de l’ensemble, prises pendant un fonctionne-
ment normal et à l’aide d’une détection de nou-
veauté,
- mettre à l’échelle les données d’historique sé-
lectionnées à partir des éléments de l’ensemble
individuels en utilisant des facteurs de mise à
l’échelle dérivés des données d’historique avant
de les inclure dans le modèle générique unique,
la mise à l’échelle des données d’historique
d’entrée comprenant :

la soustraction à partir de chaque point de
données d’une valeur moyenne et la divi-
sion par l’écart-type,
la formation de groupes de données mises
à l’échelle,
la détermination d’un centre de groupe pour
chaque groupe, et
le calcul d’un seuil de groupe pour chaque
groupe,
les centres de groupe conjointement avec
les seuils calculés constituant le modèle,

- surveiller les éléments de l’ensemble pendant
le fonctionnement en prenant des données de
test, en mettant à l’échelle les données de test
à l’aide desdits facteurs de mise à l’échelle, et
en comparant les données mises à l’échelle au
modèle générique,
- adapter le modèle générique pendant le fonc-

tionnement et la surveillance en prenant de nou-
velles données, en normalisant les nouvelles
données par soustraction à partir de chaque
point de données d’une valeur moyenne et en
divisant par un écart-type, et en ajoutant les nou-
velles données normalisées au modèle généri-
que tout en maintenant toutes les données pré-
cédentes, et en adaptant en outre le facteur de
mise à l’échelle dans le fichier de mise à l’échelle
en fonction des nouvelles valeurs moyennes et
des écarts-types des nouvelles données,
- fournir un signal sur l’état des éléments de l’en-
semble sur la base de la comparaison des don-
nées de test au modèle générique.

2. Procédé selon la revendication 1,
caractérisé en ce qu’il comprend
l’utilisation d’un groupage à k moyennes.

3. Procédé selon la revendication 1,
caractérisé par
le stockage de valeurs moyennes et d’écarts-types
en tant que facteurs de mise à l’échelle pour chaque
élément d’ensemble individuel dans un fichier de mi-
se à l’échelle pour une utilisation ultérieure pour la
mise à l’échelle de données de test pendant la sur-
veillance.

4. Procédé selon la revendication 1,
caractérisé par
la comparaison des données mesurées et mises à
l’échelle au modèle générique pendant la surveillan-
ce par l’établissement d’une mesure d’ajustement à
l’aide d’une fonction de distance, et la détermination
d’une erreur de quantification pour chaque point de
données de mesure.

5. Procédé selon la revendication 4,
caractérisé par
l’utilisation d’une fonction de distance euclidienne.

6. Procédé selon la revendication 4,
caractérisé par
la fourniture d’un signal ou d’une alerte sur l’état d’un
élément d’ensemble sur la base de l’erreur de quan-
tification.

7. Procédé selon la revendication 1,
caractérisé par
le prétraitement des données prises à partir de l’élé-
ment d’ensemble pour générer le modèle et/ou pour
surveiller l’ensemble en éliminant des données
d’historique les données transitoires et les valeurs
aberrantes.

8. Procédé selon la revendication 1,
caractérisé par
la détermination du nombre de groupes devant être
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formés des données d’historique sélectionnées à
l’aide d’un algorithme de validité de groupe de Da-
vies-Bouldin ou d’un procédé visuel qui analyse un
tracé d’erreur quadratique moyenne par rapport au
nombre de groupes.
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